r Although the natural decline in walking performance with ageing affects the quality of life of a growing elderly population, its physiological origins remain unknown.
Introduction
Walking performance declines with ageing. Compared to young adults in their 20s, elderly people in their 70s walk with a 15-30% higher metabolic cost ( Fig. 1 ) (Martin et al. 1992; Mian et al. 2006 ) and a 0.2-0.6 ms −1 slower speed (Himann et al. 1988; Lauretani et al. 2003) . At the same time, the physiological properties of the locomotor apparatus change with ageing. The body's mass distribution shifts (Pavol et al. 2002) , muscles become weaker (Goodpaster et al. 2006; Delmonico et al. 2009 ) and slower (Thelen, 2003; Nilwik et al. 2013) , and neural signals become slower (Rivner et al. 2001) and noisier (Goble et al. 2009 ). Understanding how these physiological changes relate to the decline in walking performance is essential to improving mobility, and thus, the quality of life for elderly people.
Despite many experiments with human subjects, the physiological origins of the decline in walking performance remain obscure. Previous experimental studies have found that neither the mechanical work (Mian et al. 2006; Monaco & Micera, 2012) nor stability measures (Malatesta et al. 2003; Ortega et al. 2008) nor the basal metabolism (Mian et al. 2006) explain the increase in the metabolic cost of elderly walking. Other suggestions such as a change in control strategy (Peterson & Martin, 2010; Hortobagyi et al. 2011) or a decline in muscle force capacity (Lauretani et al. 2003; Monaco & Micera, 2012) remain debated or require further investigation for clarification (Martin et al. 1992) . The decrease in walking speed seems to be even more difficult to explain, as it involves the notion of preference. For instance, the minimization of the cost of transport (COT), the metabolic energy consumed per distance travelled, is often argued to explain the preferred walking speed in animals and humans (Ralston 1958; Hoyt & Taylor 1981 ). Yet the speed at which the COT is minimal does not change much with ageing ( Fig. 1 ) and, therefore, the COT cannot account for the lower walking speed elderly people prefer (Martin et al. 1992; Malatesta et al. 2003; Mian et al. 2006) . The problem with understanding elderly gait is that age-related changes in physiology cannot be independently controlled in experiments with humans, making it difficult to reveal a causal relationship between walking performance and a particular change. This problem vanishes in simulation studies. In neuromechanical models of human gait, physiological changes can be independently controlled, and their effect on walking performance can be evaluated with computer simulations. So far, only a few such simulation studies have focused on age-related changes. For instance, it has been found in simulations that the ability to walk with the joint angles of young adults is fairly robust to weakening muscles, although it would increase muscle stress (muscle The plot is reproduced from data reported in Martin et al. (1992) .
force relative to its force capacity) (van der Krogt et al. 2012) , and that weak muscles with softer tendons do not alter the net mechanical efficiency of the lower limb muscles in elderly gait, although individual muscle efficiencies shift (Monaco & Micera, 2012) . However, in these previous studies, the neuromechanical models were simulated to follow walking trajectories observed in young and elderly adults, leaving it open whether the predicted effects result from the applied physiological changes or the enforced walking trajectories. This ambiguity can be resolved with neuromechanical models that generate walking behaviour.
Methods
Here, we use a predictive neuromechanical model to investigate the physiological origins of both the higher metabolic cost and the slower speed in elderly walking. Specifically, we modify a baseline model of young adult walking (Song & Geyer, 2015) (Fig. 2 ) to represent healthy elderly gait. The modifications mimic common agerelated physiological changes including skeletal changes (S 1 : lighter legs and heavier trunk, Pavol et al. 2002; S 2 : reduced range of hip extension, Roach & Miles, 1991) , muscular changes (M 1 : weaker and smaller muscles, Goodpaster et al. 2006; Delmonico et al. 2009 ; M 2 : other muscle properties leading primarily to slower contraction, Thelen, 2003; Nilwik et al. 2013) , and neural changes (N 1 : slower neural conductance speed, Rivner et al. 2001 ; N 2 : higher sensory and motor noise, Goble et al. 2009) (Table 1) . We then simulate walking at different speeds (0.8-1.8 ms −1 ) with this model, and analyse which modifications trigger elderly-like walking with higher metabolic cost and why the elderly prefer to walk slower.
Baseline neuromechanical model
We adapt a previously proposed neuromechanical walking model that can generate diverse 3-D human locomotion behaviours (Song & Geyer, 2015) and predict human responses during walking against a range of unexpected disturbances (Song & Geyer, 2017) . The model represents the human body with a rigid body chain whose joints are actuated by Hill-type muscles (Fig. 2) . These muscle models combine an active, force-producing element with passive series and parallel elasticities similar to human muscle-tendon units. The active elements are stimulated by feedback control circuits that simulate neural control circuits, relating sensory input from the muscle spindles and Golgi tendon organs (length and velocity of contractile elements, force of muscle-tendon units), from the vestibular system (trunk lean), and from mechanoreceptors underneath the feet (contact information as well as perceived leg loading) to the output of the (Pavol et al. 2002) m leg : −10%; m HAT = m total − 2m leg S 2 : range of motion (Roach & Miles, 1991) max(ϕ hip ): −20% M 1 : muscle strength and mass (Goodpaster et al. 2006; Delmonico et al. 2009 )
M 2 : muscle properties (Thelen, 2003; Nilwik et al. 2013) v max : −20%; N: +30%; ε ref,pe : −15%; τ dact : +20%; p ft : −10% N 1 : neural conductance speed (Rivner et al. 2001) t: +15% N 2 : sensing and motor noise (Goble et al. 2009) s × m : +100% m total : total body mass; m leg = m thigh + m shank + m foot ; m m : muscle mass; p ft : proportion of fast-twitch muscle fibres; other parameters defined in Fig. 2. α-motoneurons. The resulting muscle contraction forces act through moment arms to produce joint torques, which together with the gravitational force and the ground reaction forces that the legs experience, generate walking in a physics-based simulation of the human model. No human gait data are used in the simulation process, and the actual walking motion that emerges in the model depends solely on the values of its control parameters (such as the gain of a muscle's stretch reflex) and of its mechanical parameters (such as segment mass, maximum muscle force and contraction velocity).
We use the 2-D sagittal plane portion of this model and add more physiological details relevant to the study of elderly gait. Specifically, the length and mass of skeletal segments (Winter, 2009) , the strength and mass of muscles (Miller, 2014) , and the range of joint motions (Roach & Miles, 1991) are further tuned. We also use a more detailed muscle activation dynamics model (the relationship between muscle excitation and contraction) (Thelen, 2003) , and add sensory and motor noise (van der Kooij & Peterka, 2011) , where the parameter values are all determined based on human experimental data. 
Figure 2. Predictive neuromechanical model of human locomotion
The model consists of skeletal, muscular and neural layers. The muscle lengths, l m , are defined by the joint angles of the skeletal system, ϕ j , and the muscle forces, F m , are converted to joint torques, T j , which actuate the skeletal system interacting with the ground. The muscles are activated based on the stimulation signals from the neural controller, which consists primarily of proprioceptive spinal reflexes. The sensory and motor noises, s and m , are added in our simulation based on studies in human standing posture. We use a noise model called S1M1 proposed in van der Kooij & Peterka (2011) . We adapt the model by using white Gaussian noise instead of pink noise in the original model, as white noise is simpler to implement in our variable time-step simulations and as other studies show human-like standing posture, which has a pink power spectral density, can be reproduced with white noise (Asai et al. 2009; Suzuki et al. 2012 Model modification on age-related physiological properties
We modify the baseline model to represent healthy adults with an age of about 80 years. Pathological symptoms not observed in healthy elderly people, such as stooped posture (Hirose et al. 2004) , are not considered. All modifications to the baseline model are presented in Table 1 , where the specific values of changes are either adopted from previous modelling studies or estimated from available human data. The modifications are categorized into six groups based on the component of the model they apply to (Fig. 2 ). In the skeletal layer, the body mass distribution changes due to loss of leg muscles and gain of body fat (S 1 ) (Jensen & Fletcher, 1994; Pavol et al. 2002) , and the range of hip extension reduces due to muscle contracture (S 2 ) (Roach & Miles, 1991; Kerrigan et al. 1998) . In the muscular layer, the muscles lose strength (Thelen, 2003; Monaco & Micera, 2012) and mass, with much larger loss in the strength (M 1 ) (Goodpaster et al. 2006; Delmonico et al. 2009) , and a number of muscle properties change, where the most prominent change is that of becoming slower (M 2 ) (Lexell, 1995; Thelen, 2003; Monaco & Micera, 2012; Nilwik et al. 2013) . Since not much is known about how the control changes in elderly walking, we do not change the neural control structure, but we apply neural changes of reduced neural conductance speed (N 1 ) (Bouche et al. 1993; Rivner et al. 2001) and increased sensory and motor noise (N 2 ) (Goble et al. 2009 ). All changes are applied together to represent elderly people, and each change is applied individually to the baseline young model for further analysis.
Control parameter optimization
For each model with different physiological changes, we optimize the control parameters to minimize the cost
where T is the time duration, A m is muscle activation, v avg is the average walking speed, and v tgt is the target walking speed. All of these values are calculated during The plots show gait data of the young and elderly models walking at 1.2 ms −1 . The differences between the young and elderly models that are consistently observed across walking speeds (at least for 1.0-1.6 ms −1 ) are marked with shaded ovals. The ovals with a dashed border mark the differences that agree with reported human data, the ones with a dotted border mark the ones that oppose the reported human data, and the ones with no border do not have enough human data to compare with. We refer to human data that allow comparisons between young and elderly walking at similar speeds (Kerrigan et al. 1998; DeVita & Hortobagyi, 2000; Monaco et al. 2009; Schmitz et al. 2009; Monaco & Micera, 2012; Kim & Kim, 2014 (Thelen & Anderson, 2006; Ackermann & van den Bogert, 2010; Miller et al. 2012) as an optimization cost (Appendix A, 'Optimization cost'). For all models, we search for solutions at 0.8, 1.0, 1.2, 1.4, 1.6 and 1.8 ms −1 , which covers the range of slow and fast walking speeds of healthy people (Murray et al. 1984) .
We use covariance matrix adaptation evolution strategy (CMA-ES) (Hansen, 2006) with the actual optimization cost constructed as multiple stages (Song & Geyer, 2015) that first search for steady and stable walking solutions with all joint angles within the range of motion, and then minimize eqn (1). A single trial of CMA-ES is set to run for 400 generations with a population size of 16 and takes about 1 day on a modern desktop machine. To ensure convergence and to avoid bad local minima, we chain multiple CMA-ES trials by initializing a new run (with a new unbiased covariance matrix) with a previous solution until the solutions do not improve and by starting new trials with different initial parameters. We continue this optimization process until most of the monitored walking features of a model, such as J (eqn (1)), COT, step length and trunk lean, show qualitatively smooth trends across all walking speeds. On average, the optimization process for one set of control parameters involved five CMA-ES trials.
Results

Metabolic energy consumption
The simulations show that the combined modifications produce gait consistent with elderly walking. Like young and elderly people (Kerrigan et al. 1998; Monaco et al. 2009; Schmitz et al. 2009 ), the young and elderly models walk with more or less similar time trajectories of the joint angles and torques, the ground reaction forces, and the muscle activations. However, the elderly model has also adapted in ways common to elderly gait. It has more pelvic tilt with less hip extension throughout the gait cycle (Kerrigan et al. 1998; Monaco et al. 2009 ) and a smaller ankle plantarflexion torque during stance (Kerrigan et al. 1998; Monaco et al. 2009; Monaco & Micera, 2012) (Fig. 3) . Most importantly, the metabolic cost has shifted as known from human experiments. It is, on average, 16% higher than in the young model across all walking speeds, and the walking speed that minimizes COT remains about the same in both models as observed in humans (compare Fig. 4A and Fig. 1 ).
When the modifications are applied one by one, the simulations reveal that the increase in COT is triggered mainly by the loss of muscle strength and mass (M 1 ). Applying M 1 to the young model results in a substantial increase in the average COT (16%), while applying any of the other modifications does not (<5%) (Fig. 4B) . Further analysis of the muscle metabolic energy consumption model (E m = m m (h A,M + h s ) + w M , where m m is the muscle mass, h A,M is the activation and maintenance heat, h s is the shortening heat, and w M is the mechanical work) points to two factors that mainly and about equally contribute to the COT increase (in Appendix A, 'Metabolic energy calculations'). The first factor is the decline in muscle quality. Ageing muscles weaken more than they lose mass (Goodpaster et al. 2006; Delmonico et al. 2009) (Table 1 , M 1 ), which results in more energy consumed per amount of force produced due to the increase in activation and maintenance heat rate. Second, the size principle of motor unit recruitment amplifies the energy consumption of weaker muscles. Motor unit recruitment progresses from slow-twitch muscle fibres at low activations to metabolically more expensive fast-twitch fibres at higher activations (Martin et al. 1992; Bhargava et al. 2004) , which is captured in the activation and maintenance heat rate of the metabolics model and further amplifies the energetic cost of producing the same force.
Our simulation results suggest training muscle strength and mass may be the only effective way to enhance metabolic economy in elderly walking. While it is known that physical training can reverse muscular changes and enhance walking performance in elderly people, the effects of different training regimes vary and it remains unclear which one is optimal (Lopopolo et al. 2006) . Our results suggest that a training regime which focuses on restoring muscle strength and mass (M 1 ) may be most effective, and that reversing other physiological changes matters less (S 1 , M 2 , N 1 ) or not at all (S 2 , N 2 ).
Preferred walking speed
Neither in human experiments nor in our computer simulations can the metabolic cost of transport explain the slower speed at which elderly people prefer to walk, but we find evidence that another criterion based on muscle fatigue can. Muscle fatigue is often studied in the elderly with regard to balance control and fall risk (dos Santos et al. 2017) . Its effect on the preferred speed of walking is not well understood; however, fatigue of the tibialis anterior muscle has been shown to lower the speed at which humans prefer to transition from walking to running (Segers et al. 2007 ). We find that, when combined in a performance criterion similar to the COT, minimizing muscle fatigue suggests preferred walking speeds observed in young adults and elderly people. Specifically, we define the fatigue of transport (FOT) as the fatigue accumulated by all muscles over the distance travelled,
A m 2 dt, where the squared muscle activations is a gauge of fatigue commonly used in neuromechanical models (Appendix A, 'Muscle fatigue calculations') (Ackermann & van den Bogert, 2010) . We then compute the FOT from our simulation data and find it is minimal at 1.49 ms −1 in the young model and at 1.21 ms −1 in the elderly model (Fig. 4C) . The two minima are consistent with the preferred walking speeds of young and elderly people (Himann et al. 1988; Lauretani et al. 2003) , supporting the hypothesis that muscle fatigue could govern a person's preference on speed. The result may also explain the observation that fatigued young and elderly people do not change walking speed by much (Helbostad et al. 2007; Granacher et al. 2010) , as their gait seems already optimal in this regard.
If muscle fatigue indeed governs the preferred speed, then the FOT calculations for the model variants with individual age-related modifications show that restoring walking speed is more difficult than restoring metabolic economy. Similarly to the increase in metabolic costs, a shift of the minimum FOT towards slower walking speed in the elderly model results from the loss of muscle strength and mass (M 1 , −0.32 ms −1 ). Yet, in contrast to the results for metabolic costs, the shift also results from the redistribution of the segment masses (S 1 , −0.31 ms −1 ) and from the lower speed of muscle contraction (M 2 , −0.18 ms −1 ) (Fig. 4D) . These results suggest that increasing the preferred walking speed would require a training that addresses all three changes simultaneously. However, the changes are connected at least in part by the age-related atrophy of fast twitch fibres (Nilwik et al. 2013) , which is associated with loss and slowdown of leg muscles and a related shift in mass distribution. A training that focuses on reversing this atrophy would thus seem most effective.
Discussion
Limitations
As with any simulation study, ours is based on assumptions that may limit its predictive capabilities. First, our model simplifies the neuromuscular structure of the human locomotor system. Although we have tried to include in this structure the parts that previous studies have suggested to influence elderly gait, any missing part may have an effect as well. For instance, we estimated the metabolic energy consumption of young and elderly muscles following the same formulation (Bhargava et al. 2004) , but the validity of this assumption has not been tested. Second, we rely on a hypothesized neural control circuitry and an optimization criterion to identify walking gaits in our model. Although neither has been validated in human experiments, the optimization criterion we use is commonly applied in many studies on human locomotion performance (Thelen & Anderson, 2006; Ackermann & van den Bogert, 2010; Miller et al. 2012) , and we find no qualitative differences in model outcome with alternative criteria of muscle fatigue and metabolic energy (Appendix A, 'Optimization cost'). The control circuitry of the model has at least been demonstrated to predict human leg kinematics, kinetics and muscle activations in steady walking (Song & Geyer, 2015) and human responses to unexpected disturbances (Song & Geyer, 2017 ). An alternative to assuming a specific neural control circuitry would be to directly optimize the muscle stimulation patterns for obtaining walking gaits (Ackermann & van den Bogert, 2010; Miller et al. 2012) . However, this alternative approach implies the human controller has no underlying structural constraints. Moreover, when muscle stimulation patterns are directly optimized, it is difficult to include the effects of control-related changes, such as neural transmission delays (N 1 ), and sensory and motor noise (N 2 ).
Conclusion
We have investigated the physiological origins of the agerelated decline in walking performance with a predictive neuromechanical model. In simulations of this model with physiological changes known to affect elderly people, we have found that their increased metabolic cost of walking is caused mainly by the loss of muscle strength and mass. In addition, we have found that the slower preferred walking speed of elderly people would emerge if humans adapt to muscle fatigue rather than energy economy, and that this adaptation occurs in response to several muscle-related changes in physiology. The results suggest that reversing these changes is the only effective way to enhance the performance of elderly walking. Physical training has been shown to achieve such a reversion, although it remains unclear precisely which training regimes work well (Lopopolo et al. 2006) . A regime with a focus on restoring the fast-twitch muscle fibres (Pyka et al. 1994; Nilwik et al. 2013 ) may be most effective.
Appendix
A. Physiological criteria of gait
Optimization cost. Our human model is based on the model proposed in Song & Geyer (2015) . In that work, we used the metabolic energy as the cost criterion for optimization. Here, instead, we switched to muscle fatigue (eqn (1)). We made this switch because the cost associated with muscle fatigue is computationally simpler, and still results in human-like kinematics, kinetics and muscle activations (Fig. A1) . In fact, as in other studies on Muscle activation (%) Figure A1 . Kinematics, dynamics and muscle activations when optimized for different costs The plots show gait data of young adults and the baseline young model walking at 1.2 ms −1 while minimizing either muscle fatigue (eqn (1)) or metabolic energy (Song & Geyer, 2015) . The metabolic energy is calculated using the model proposed in Umberger (2010) . Optimizing with the energy model proposed in Bhargava et al. (2004) results in a gait that is somewhat between those optimized with Umberger's model and with muscle fatigue (not shown), which is reasonable due to the convex activation-to-cost relationship in the fatigue calculations ('Metabolic energy calculations' in Appendix A).
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modelling human walking and running (Ackermann & van den Bogert, 2010; Miller et al. 2012) , we observed that the fatigue-optimal walking showed kinematics more similar to human gait; specifically, the knee flexion during early stance and ankle dorsiflexion in late stance became more similar. Given that the details of the gait data also depend on the simplified musculoskeletal system and the underlying control structure of the model, small differences in the resulting gait may not be enough to judge the plausibility of the corresponding costs. Nevertheless, other simulation studies consistently find fatigue-like costs result in more knee flexion during stance (Ackermann & van den Bogert, 2010) , although in some control models, this can lead to crouched gaits with too much knee flexion (Wang et al. 2012 ).
Metabolic energy calculations.
The activation-tometabolics relationship remains debated with competing evidence (Saugen and Vøllestad, 1995; Hunter et al. 2001; Christie et al. 2014 ). Here we present the effect of the activation-to-metabolics relationship on the COT-towalking-speed relationship (Fig. A2 ). In our main study, we have used the Bhargava's muscle metabolics model, which has a convex activation-to-metabolics relationship based on the size principle of motor unit recruitment (Fig. A2A) . On the other hand, the Umberger's model has a concave relationship (Fig. A2F ), while in more recent studies (Uchida et al. 2016; Jackson et al. 2017) this model has been adapted to have the convex relationship (similar to Fig. A2B ). We have adapted the original Bhargava's and Umberger's models to have convex, linear or concave relationships and found that the COT calculation is much affected by the activation-to-metabolics relationship and that the convex relationship results in COT-to-speed relationships closest to those observed in young and elderly people. Moreover, the increase in COT of the elderly model without the size principle decreases to about half (compare Fig. A2A-C) , indicating that both the decline in muscle quality and the size principle contribute about equally to the 16% COT increase of the elderly model. for muscle fatigue. While this estimate is often used in neuromechanical studies of human locomotion (Ackermann & van den Bogert, 2010; Miller et al. 2012) , exponents of 1.5-5.0 of either muscle activations or normalized muscle force (F m = F m F max ) have also been considered (Crowninshield & Brand, 1981; Ackermann & van den Bogert, 2010; Miller et al. 2012) , while metabolic energy depends on muscle activation more linearly (Ackermann & van den Bogert, 2010; Umberger, 2010) (Fig. A3A) . We have found that the fatigue-like measures of exponents higher than one of muscle activation and force suggest slower walking speeds for elderly people (Fig. A3C-F) , while the energy-like measure does not (Fig. A3A ). This overall trend supports our conclusion that minimizing for FOT, but not COT, can explain slower walking speeds in elderly people. 
B. Contributions of individual muscles in COT and FOT
Three muscles show meaningful differences (>5%) in the contributions to the total metabolic COT between the elderly model and the young model (Fig. A4A ). The elderly model uses more actuation of the hip flexors (HFL) and less actuation of the ankle extensors (GAS, gastrocnemius; SOL, soleus), which is in line with what is observed in elderly people (Judge et al. 1996; Monaco et al. 2009; Schmitz et al. 2009; Buddhadev & Martin, 2016) . Although the change in muscle properties (M 2 ) does not have much effect on the total COT, it is the main contributor to the change in muscle coordination (Fig. A4B) , suggesting that the slower muscles of elderly people are not suitable any more for performing fast ankle push off, and thus they use hip flexors more to propel the limbs forward. For the contributions to the total muscle FOT, three hip muscles (HFL; GLU, glutei; HAM, hamstring) show meaningful changes (>5%) in the elderly model (Fig. A4C) . Mainly the loss of muscle strength and mass (M 1 ) contributes to these changes (Fig. A4D ).
